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Abstract

The Two-Part Allegorical Saying (TPAS) is a Chinese lin-
guistic phenomenon with a riddle-explanation structure, and
an important component of Chinese metaphors. Existing re-
search has primarily used TPAS to assist other semantic tasks,
but lacks in-depth exploration of its intrinsic mechanisms: se-
mantic rhetoric, logical reasoning, and metaphorical expres-
sion. To address this gap, we construct the first Chinese TPAS
Reading Comprehension dataset (CTRC), which contains
18,103 TPASs and 75,296 passages. We frame it as a cloze
test where the model selects the most suitable TPAS from
candidates to fill passage blanks. To tackle the challenges of
this CTRC task, we propose a Multi-view TPAS Contrastive
Learning Network (MTCLN). Firstly, the joint vector cross-
projection module extracts the rhetorical features of TPAS,
such as homophonic puns, through vector space mapping to
mitigate the semantic deviations caused by rhetoric. Then, the
softened contrastive learning module strengthens the model-
ing of TPAS logical reasoning through feature association. Fi-
nally, the multi-view feature fusion module integrates contex-
tual semantics with diverse TPAS features to facilitate the un-
derstanding of metaphorical expressions. Experiments on the
CTRC dataset demonstrate that MTCLN achieves an average
accuracy of 67.47%, outperforming large language models by
25.48%.

Code — https://github.com/ZhiYue007/TPAS Data

Introduction

The two-part allegorical saying (TPAS) is a unique Chinese
linguistic phenomenon that usually consists of two parts: the
riddle and the explanation (Lai 2008). As shown in Figure
1, at the surface semantic level, riddles usually lead to ex-
planations through logical reasoning; at the deep semantic
level, TPAS employs rhetoric to bridge surface semantics
with metaphors, and the actual meaning of the metaphor of-
ten cannot be directly derived from the literal meaning (An
and Li 2022; Deng 2023). To accurately understand TPAS,
a model needs to comprehend its reasoning logic, the mech-
anism of deep semantic construction, and relevant Chinese
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Surface semantics: To turn a
sickle into a kitchen knife, the

The meaning of this 4 sickle needs to be changed >
Chinese TPAS, "Z54gEfT  Reason from slanted to straight. -~
? Explanation

ST]-RYAE". Deep semantics: Slant(£l) and
evil(#B) are homophones.
n |::> P ABYAIE "means that a person
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Figure 1: The example demonstrates the process of under-
standing the surface and deep semantics of TPAS.

linguistic and cultural knowledge (Gao 2006), which poses
a challenge to existing methods including large language
models (LLMs). Moreover, accurate comprehension and for-
mal representation of TPAS contribute to downstream tasks,
such as text generation (Xu 2024; Cao et al. 2024; Fang et al.
2024), emotional semantic understanding (Su et al. 2024,
2025), machine translation (Liu 2017; Liu et al. 2024), and
relevant linguistic phenomena (Hu et al. 2024a, 2025).

In the study of language phenomena, the work related to
TPAS mainly utilizes its characteristics to assist in text gen-
eration (Xu 2024) and sarcasm detection (Li et al. 2019). To
understand specific language phenomena such as idioms and
classical Chinese, frameworks like contrastive learning com-
bined with attention have been proposed (Long et al. 2020;
Wu et al. 2024a; Wang et al. 2025; Zhang et al. 2024; Xi-
ang et al. 2024). In addition, LLMs such as DeepSeek (Bi
et al. 2024; Dai et al. 2024), Hunyuan (Sun et al. 2024),
and LLaMA (Zhou et al. 2023; Yang, Cao, and Zhao 2024,
Zhao et al. 2025) have achieved significant advancements
in metaphor comprehension and semantic analysis, but their
exploration of deep-level linguistic phenomena remains lim-
ited. Therefore, in-depth investigation into the TPAS com-
prehension task, which integrates reasoning with multiple
rhetorical devices, may offer a new pathway to enhance the
semantic comprehension capabilities of existing models.

Wilks” metaphor theory points out that metaphorical se-
mantics change with context (Wilks 1975), which provides
a theoretical basis for context-based TPAS semantic under-



Passage& At b FRAEAE 2N 55 B HMASKA#——HMASK2# B I 45 51 K 58 ) 8 1
Blanks He handled every official matter #MASK1#—#MASK2#, and was appreciated for it.
A KK BERG (Wash your face with rice water) B.1E T #: £ 5k (Blind man licking coal)
Riddle C.#EZ= N4 (Push a cart downhill) D.ZL.% 15 _E#/N3 (Growing wheat on top of carrots)
Sets E./NA$: 5 )5 (Scallion mixed with tofu) F. £k 5 74 Wil (When no money, Stop gambling)
G E Al Bk (Dumb eating celestial peach)
AKERERIRI B0 (It's sticky)  B.JE5F T 9%(Be of no avail)
Explanation C.HE M % (Black eyes and black mouth) D. /R 4T K4 (To look good, not to gain)
Sets E.WANT] 3 (Too wonderful for words) F.—i& — H(One cyan, two white)
G.fE 1 ¥ % T2h(Make two forces)
Correct /NAEE JE-—15 A (Mix tofu with scallions, one cyan and two white, Metaphorical
TPAS meaning: ‘&’ and Y&’ are homophones. This describes being extremely innocent; It can

also be described as very clear)

Figure 2: A sample TPAS cloze test, the riddle is filled in MASK1, and the explanation is filled in MASK?2.

standing research. We construct the first Chinese TPAS read-
ing comprehension dataset (CTRC). The data were collected
from Zhihu!, Weibo? and TPAS dictionaries, manually an-
notated with 18,103 TPASs and 75,296 passages, covering
the domains of daily conversations, language tests, liter-
ary works and news reports. Given the broad application
of cloze in education and other fields (Stubbs and Tucker
1974, Stansfield 1980), we borrow ideas from Chinese idiom
reading comprehension research (Jiang et al. 2018; Zheng,
Huang, and Sun 2019) and transform the TPAS reading com-
prehension task into a cloze test. Given a sentence with two
blanks, the model needs to select the most appropriate op-
tions from two candidate sets to fill in the blanks. These two
options must together form an accurate TPAS in structure
and meaning.

To complete the TPAS cloze test task, the model needs to
have the following abilities: (1) Rhetorical recognition: mit-
igate the semantic changes of TPAS caused by rhetoric such
as homophonic puns; (2) Logical reasoning: different rid-
dles have the same explanation and vice versa. The model
needs to complete this many-to-many reasoning process; (3)
Metaphor comprehension: literal meanings of TPAS are of-
ten inconsistent with their actual meanings, and the model
needs to obtain the actual semantics.

To address the above challenges, we propose a multi-view
TPAS contrastive learning network (MTCLN). First, the
joint vector cross-projection module extracts the rhetorical
features of TPAS, such as homophonic puns, through vector
space mapping to mitigate the semantic changes caused by
rhetoric. Next, the softened contrastive learning module en-
hances the understanding of TPAS logical reasoning through
feature association. Finally, the multi-view feature fusion
module combines contextual semantics with TPAS features
to enhance the understanding of metaphors. Experiments on
the CTRC dataset show that MTCLN achieves an average

Uhttps://www.zhihu.com/
*https://weibo.com/

33057

accuracy of 67.47%, outperforming LLMs by 25.48%. Our
contributions are as follows:

* To our knowledge, we first propose the TPAS reading
comprehension task and transform it into a cloze test. We
verify its validity in evaluating models’ TPAS representa-
tion and comprehension, offering a new research sample
for related fields.

* We systematically analyze the core challenges of TPAS
cloze test and evaluate mainstream LLMs’ performance
on this task via multiple experiments. The results reveal
existing models’ shortcomings and provide clear prob-
lem orientation for subsequent optimization.

To address the challenges in TPAS cloze test, we pro-
pose a multi-view TPAS contrastive learning network
(MTCLN). MTCLN significantly improves the TPAS un-
derstanding using joint vector cross-projection, softened
contrastive learning, and multi-view feature fusion.

Related Work

Currently, there is relatively little research on TPAS. There-
fore, we will introduce two main aspects: the use of TPAS
characteristics to assist in the understanding of other tasks
and the research related to TPAS reading comprehension.

In the research using TPAS, Li et al. (2019) used SVM to
detect TPAS with negative expressions in the sarcasm detec-
tion task; Xu (2024) combined TPAS with Chinese crosstalk
corpus in the humorous text generation task and used the TS
model combined with the pinyin features of Chinese charac-
ters to generate humorous text.

Research on Chinese language phenomena related to
TPAS. In the field of idioms, Long et al. (2020) constructed
a synonym map by defining the similarity relationship of
idioms and combined it with a graph attention network to
enhance idiom understanding; Wu et al. (2024a) introduced
external knowledge and used contrastive learning to align
the literal semantics with the interpretation of idioms and
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Figure 3: Multi-view TPAS contrastive learning network (MTCLN).

enhanced the contextual understanding through the atten-
tion mechanism. In the field of classical Chinese, Zhang
et al. (2024) mitigated the negative impact of noisy gram-
mar trees and improved comprehension of ancient Chinese
by calculating grammatical feature confidence and combin-
ing left and right branch features; Xiang et al. (2024) solved
the problem of ephemeral differences by using a parallel cor-
pus of classical and modern Chinese for pre-training, which
significantly improved the model’s semantic comprehension
in classical Chinese.

Task Definition

For t-th input passage P, = {wq, ..., [MASK], ..., [MASK]

, ...y Wy, }, Where each w; represents a Chinese character, and
[MASK] is marked as two blank parts to be filled. The task
is that the model needs to select the most appropriate op-
tion from two candidate sets of riddles and explanations
C; = {c1,...,Cy ...y & } to fill in the blanks, which form a
TPAS that is accurate in both structure and meaning. Figure
2 shows an example.

Methodology

We propose the multi-view TPAS contrastive learning net-
work (MTCLN). As shown in Figure 3, the MTCLN consists
of five main modules. (1) The multi-view feature extraction
module obtains TPAS features through different extractors.
(2) The joint vector cross-projection module mitigates the
semantic changes caused by rhetoric. (3) The softened con-
trastive learning module learns the logical reasoning of the
TPAS. (4) The multi-view feature fusion module enhances
the understanding of TPAS metaphors. (5) The TPAS pre-
diction module computes the best TPAS option.

Multi-view Feature Extraction Module

We first extract TPAS features through different extractors.
The RoBERTa model (Cui et al. 2021) extracts semantic fea-
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tures of the paragraph context and TPAS. The [CLS] and
[SEP] markers are added at the beginning and end of the
passage P, respectively, and the positions to be filled are
marked with [MASK]. The same processing flow is per-
formed for each riddle or explanation TPAS; in the can-
didate set C;, where * represents the first or second half of
TPAS. As shown in Figure 1, considering the widespread
use of rhetoric in TPAS, we leverage linguistic properties of
Chinese to aid understanding: first, we obtain the original se-
quence of TPAS via a Chinese character tokenizer, and then
input it into the ChineseBERT model (Sun et al. 2021) to
extract Chinese character features TPAS]: including pinyin
and Chinese character shapes. Meanwhile, the sequence to-
kens of TPAS; are inputted into the Embedding layer to
obtain the sequence representation:

H?P = RoBERTa([CLS], P;, [SEP]), e))
H¢ = RoBERTa([CLS], TPAS;, [SEP)), 2
Y = ChineseBERT(TPAS}), G)

Ef{ = Embedding(TPAS;), )

where hY is the feature of the last hidden layer of the
[MASK] location as a context-dynamic representation of the
TPAS; h{ is the [CLS] representation of Hy as the original
feature of the candidate TPAS. y; is the [CLS] representa-
tion of the Chinese character features, and e is the sequence
feature of the TPAS. Multi-view features enable the model
to indirectly understand the potential meaning of TPAS in
different contexts.

Joint Vector Cross-projection Module

To mitigate semantic deviation from rhetorical disguise in
TPAS (where rhetoric-mediated indirect expressions alter
actual semantics), we propose a joint vector cross-projection
module. Rhetoric modifies TPAS’s expressive form but pre-
serves an inherent semantic link between the original and
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Figure 4: The calculation process of Mixed features.

revised form. In TPAS cloze tasks, each candidate set in-
cludes 3 distractors with similar meanings. Leveraging this,
TPAS semantics can be split into common and personalized
components: common semantics are extracted from the can-
didate set, while rhetorical changes are attributed to person-
alized semantics. Adjusting the weight of personalized se-
mantics mitigates the deviation.

The module initially integrates the original features of the
candidate TPASs to extract the common features of the se-
mantics. Subsequently, the original features of the candi-
dates are orthogonally projected onto the common feature
space to isolate the individual semantic components. Finally,
the original features and individual features are combined to
generate Mixed features that extract the individual semantic.
As shown in Figure 4, the module obtains common features
fe by candidate original features h{ as follows:

_ Yy dihf
=<m 7
Zt:1 dy
where d; € R is the weight of the common feature. The
original feature h{ is projected onto the common feature f,

to obtain the projected feature h$ , and the individual feature
p¢ is extracted by calculating the difference from hy:

Je &)

* hgfc fc

¢ << 6
YA ©
pf=h{—h{ . )

The final TPAS needs to adjust the individual semantics
and retain the original features, therefore a weighted ap-
proach is used to generate Mixed features us:

ug = api + Bhy, ®

where « and (3 are the weights of individual and original
features, respectively, and satisfy the sum of «, B is 1.

Softened Contrastive Learning Module

In the contextual semantic reasoning of TPAS, the model
must complete the text blanks while ensuring the consis-
tency of reasoning between the riddle and the explanation.
Since there is a leap in the semantics between the two parts
of TPAS, we refer to the work of Hu et al. (2024b) and Wu
et al. (2024b) to enhance their semantic associations through
contrastive learning. However, traditional contrastive learn-
ing methods enhance the similarity through one-hot en-
coding but ignore the relationship between non-matching
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TPASs, which cannot satisfy the TPAS task for many-to-
many relationships. To this end, we introduce a softened
contrastive learning module that shifts partial confidence
from positive to negative samples through a label smooth-
ing strategy, allows for weak similarity between negative
samples, and uses a data matrix of many-to-many pairs.
This approach enhances sample correlation and improves
the model’s logical reasoning.

The TPAS joint feature uf of the ¢-th candidate group is
first obtained and separated into two parts representing the

M
riddle and the explanation, denoted as [u , uy],_;. Next, the
normalized text similarity function is input to calculate the
similarity value for each pair of TPAS:

exp(sim(u{, ul)/T)

A )
>y exp(sim(uf, uf)/7)
where sim is the cosine similarity function. 7 is a learn-
able temperature hyperparameter with an initial value of

0.07. We construct a multi-paired data matrix through the
data dictionary. The labels of the ¢-th pair are denoted as

vi = {yij };.Vil, where y;; is 1 for paired data and O for un-
paired. The data labels are adjusted to the following form:

=

where the data smoothing value d is 0.2, and 1 represents a
full 1 matrix. Since the matrix similarity matching mode is
adopted, the cross-entropy loss function is replaced with the
Kullback-Leibler divergence function:

Sij =

(€))

1
M1 Max

max (sim(ul , ur), 1 —

(Sim(u{a u:) - dv 0)5
d),

ify =0,

10
ify =1, (19)

M
1 -
£soft = M § KL(yszz) (11)
1=1

The clip loss function incorporates the auxiliary loss Lyt
generated by the original data matrix with unmodified labels
to simultaneously learn the many-to-many logical reasoning
of the TPAS and maintain the original paired understanding,
with the clip loss L;;;, as follows:

M
1
Lhot = 37 > KL(wil[s1), (12)
i=1
£clip = £soft + ['hot~ (13)

Multi-view Feature Fusion Module

The joint vector cross-projection and softened contrastive
learning module enhances TPAS understanding through can-
didate differences and associations, but it is still limited in
contextual metaphor understanding. We propose a multi-
view feature fusion module to resolve literal-actual meaning
inconsistency in TPAS, extracting optimal TPAS hybrid fea-
tures and fusing them with contextual features for enhanced
multi-scene metaphor understanding.

To make the final feature more effective in understanding
the TPAS rhetorical and metaphorical characteristics, the op-
timal TPAS hybrid feature g; is obtained by taking the joint
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Figure 5: The construction process of the CTRC dataset,
where the four relations defined by the similarity relation
annotation are: Synonyms, Semantic Near-synonyms, Lit-
eral Near-synonyms, and Other words.

feature u¢ as the dominant feature and combining it with the
Chinese character features y; and the sequence feature ef
for fusion, with the following equation:

pe = We,ef + be,,
i = ug + My, + Ype, (15)

where )\ and ~ are different parameter weights. To enhance
TPAS’s multi-scene metaphor understanding, hybrid fea-
tures ¢¢ are used to score the contextual features hY for pre-
diction, and scoring results serve as final information:

___expw (¢ ®h)+b)
il exp(w - (gf @ hY) +b)’

where w € R® denotes the model parameters, b is the bias
term, and ® denotes the elemental multiplication.

(16)

TPAS Prediction Module

TPAS’s prediction loss L. is obtained by minimizing the
cross-entropy loss between predicted and true values:

Lee=— Z 0,logP(c;lqs, hY).

j=1

a7

For a candidate set containing m riddles and explanations,
0; is the one-hot encoded vector corresponding to the target
label. The final training loss L ¢ is the sum of the prediction
loss L. and the clip loss L., with the following equation:

ﬁft = ﬁclip + Ece~ (18)

Experiments
Evaluation Setup

Datasets: Figure 5 outlines the construction process of the
CTRC dataset, which is divided into four stages: data col-
lection, data processing, similarity relation annotation and
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Train Dev Test Asy Sim Ran
Passage 51,702 9,797 13,797 13,797 13,797 13,797
TPAS 18,103 16,510 17,953 10,341 16,648 17,981

Table 1: Distribution of 5 sub-datasets in CTRC dataset.

data generation. The CTRC is divided into training, devel-
opment, and testing sets in the ratio of 7:1:2. Each sample
contains one passage and two candidate sets, which con-
sist of the target, three approximations, and three irrelevant
TPAS. To evaluate the robustness of the model, we recon-
struct the candidate composition of the test set to generate
three generalization sets: the Asy set is used to verify the
reasoning ability, and its candidate set only pairs the tar-
get TPAS; the Sim set is used to verify the rhetorical and
metaphorical understanding ability, and its candidate set is
composed of high similarity TPASs; and the Ran set is used
to verify the semantic understanding ability, and its candi-
date set is composed of irrelevant TPASs. The CTRC dataset
contains 18,103 TPASs and 75,296 passages, and the distri-
bution is shown in Table 1.

Baselines: Our approach is compared with three traditional
text models (Zheng, Huang, and Sun 2019), three BERT-
based Chinese pre-training models (Cui et al. 2021), Chi-
neseBERT (Sun et al. 2021) incorporating Chinese charac-
ter features, and Chinese Mengzi (Zhang et al. 2021) with
knowledge distillation. For LLMs, we select the five mod-
els with the best reasoning and knowledge performance in
OpenCompass® Top 10, and test the few-shot scheme based
on GPT-40-20241120 and the LoRA fine-tuning method of
DeepSeek-R1-1.5B.

Implement Details: For model training, we set the maxi-
mum sequence length to 128, the initial learning rate to Se-5,
and the batch size to 32. The optimizer uses AdamW with a
warm-up linear scheduler. Training runs for 50 epochs with
an early stop after 8 consecutive invalid iterations. Experi-
ments are conducted on an NVIDIA A100 40G, using Py-
Torch 2.1.2 and Transformers 4.41.2.

Accuracy metrics: We use accuracy as the main evaluation
metric to measure model performance. Due to the specificity
of the task, a sample is considered to be correctly filled only
when both empty spaces in the sample are correctly filled.
The accuracy rate is calculated as the ratio of the number of
correctly filled samples to the total number of samples. In
addition, we calculated the mean value of the accuracy rate
to assess the overall performance of the model fully.

Results Analysis

Comparison with Baselines: Table 2 shows each model’s
performance under optimal parameters. MTCLN performs
best on the main test task and the three auxiliary tasks.
Notably, all model accuracy on the Sim set is lower than
other sets, except for MTCLN, indicating that rhetorical and
metaphorical understanding is an important challenge for
TPAS. Mengzi performs best in comparison with other Base
models, probably because it uses a large corpus of Chinese

*https://rank.opencompass.org.cn/home



Method Dev-Acc Test-Acc Asy-Acc Sim-Acc Ran-Acc Avg-Acc
Human - 85.25 81.50 73.25 89.50 82.37
LM(Zheng, Huang, and Sun 2019) 36.60 36.82 30.35 28.26 38.13 34.03
AR(Zheng, Huang, and Sun 2019) 47.40 48.38 39.31 36.24 4991 44.24
SAR(Zheng, Huang, and Sun 2019) 43.34 44.46 36.09 34.29 46.29 40.89
BERT-WWM(Clui et al. 2021) 51.64 51.17 43.08 41.97 52.23 48.01
RoBERTa(Cui et al. 2021) 56.45 55.87 47.98 45.98 57.26 52.70
macBERT(Cui et al. 2021) 56.03 56.56 48.08 45.80 56.88 52.67
ChineseBERT(Sun et al. 2021) 54.98 55.71 46.35 44.82 56.60 51.69
MengZi(Zhang et al. 2021) 57.17 5791 49.09 46.46 58.63 53.85
Doubao-pro-32k 32.20 36.61 29.11 25.88 40.73 32.90
Claude 3.5 Sonnet 42.05 43.08 36.20 28.08 48.97 39.67
GLM-4-Plus 39.26 39.26 33.52 28.23 45.00 37.05
Qwen2.5-72B-Instruct 38.38 39.70 34.85 27.35 46.02 37.26
GPT-40-20241120 44.11 42.94 34.35 28.32 49.70 39.88
GPT-40-1-shot 46.91 43.52 36.47 28.08 54.11 41.81
GPT-40-3-shot 46.76 46.32 36.91 27.79 52.20 41.99
GPT-40-5-shot 46.61 44.85 35.44 28.52 52.50 41.58
DeepSeek-R1-1.5B 43.41 43.19 31.09 25.38 48.14 38.24
MTCLN (Ours) 72.85 73.13 57.22 58.34 75.81 67.47

Table 2: Comparison results (%) with baseline models on the CTRC dataset.

language phenomena in its pre-training. In addition, the ac-
curacy of MTCLN on the Asy set is lower than on the Sim
set, possibly due to the closer TPAS feature space after train-
ing, making the TPAS of many-to-many relations difficult
to distinguish, as shown in Figure 7. Therefore, it is more
challenging to simultaneously process reasoning and miti-
gate approximate differences in TPAS understanding tasks.

Comparison with LLMs: As shown in Table 2, MTCLN
is still competitive in performance compared to LLMs. Fur-
ther analysis found that: (1) LLMs performed better on the
Asy set than on the Sim set, indicating that they are adept
at reasoning but have limitations in understanding Chinese
metaphors; (2) The effect of few-shot learning does not con-
tinue to improve with the increase in the number of prompt
samples, which may be because metaphor understanding re-
quires support from a specific cultural background; (3) Al-
though DeepSeek-R1-1.5B has a large number of parame-
ters, the effect is poor after Lora fine-tuning, indicating that
metaphor understanding cannot rely solely on the number of
model parameters.

Comparison with Human Evaluation: To evaluate the dif-
ference between the model and human performance, we ran-
domly select 200 samples from each dataset to form the eval-
uation set and invited four native Chinese university students
to participate in the test. Table 2 shows that participants out-
perform the model on average, with the worst performance
on the Sim set, highlighting metaphor understanding as a
key TPAS challenge. The maximum human-model perfor-
mance gap on the Asy set is 24.28%. To investigate, we
had participants identify 100 sampled TPASs. Though fa-
miliar with less than 50% of them, participants still derived
correct explanations via knowledge correlation and reason-
ing—showing humans outperform the model in logical rea-
soning, a key for model improvement.
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Method Dev Test Asy Sim Ran Avg
w/oJP 72770 72.89 56.54 57.41 75.28 66.96
w/oSL 6429 69.15 56.19 46.51 67.77 59.18
w/oMF 7217 7279 56.66 57.10 75.22 66.78
w/o SL+MF 63.54 63.79 52.67 46.00 67.35 58.67
w/o JP+MF 58.05 58.67 50.04 47.51 59.07 54.66
w/o JP+SL  63.74 63.68 53.24 46.21 67.23 58.82
w/o ALL 5645 55.87 4798 4598 57.26 52.70
MTCLN 72.85 73.13 57.22 58.34 75.81 67.47

Table 3: MTCLN ablation study on the CTRC dataset.

Ablation Study

We evaluate the contribution of each module in MTCLN
through ablation experiments. As shown in Table 3, joint
vector cross-projection (JP), softened contrast learning (SL),
and multi-view feature fusion (MF) are sequentially elim-
inated from MTCLN. When JP or MF is removed, there
is a slight decrease in accuracy, suggesting that capturing
TPAS differences or combining contextual semantics can
improve model performance. Accuracy decreases when re-
moving SL, indicating that model enhancement through fea-
ture processing and fusion is limited, while semantic associ-
ation can effectively improve performance. When removing
JP+MF, the accuracy decreases the most, indicating that se-
mantic association significantly improves the model’s under-
standing of TPAS. Removing JP+SL or SL+MF also leads to
a significant decrease in accuracy. These results demonstrate
that the concerted work of the MTCLN modules is crucial
for completing the TPAS cloze test task.

Hyperparametric Analysis

We perform a detailed hyperparameter optimization of the
parameters « and [ in the joint vector cross-projection
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Figure 6: The impact of individual representation weights a.

model. As shown in Figure 6, the model achieves optimal
performance when « takes the value of 0.3, and 3 takes the
value of 0.7. This result shows that in the rhetorical chal-
lenge of TPAS, the local semantic effect of individual fea-
tures combined with the main semantics of common features
can improve the overall semantic understanding and mitigate
the semantic differences caused by rhetoric.

Visualization

To verify the model’s reliability, we extract 100 TPAS sam-
ples for analysis, of which 60% are manually selected sam-
ples with many-to-many complex relationships, and the re-
maining 40% are random. As shown in Figure 7, we project
the features before and after training into 2D space for obser-
vation using the t-SNE method (Van der Maaten and Hinton
2008). Cosine similarity results show that the overall seman-
tic similarity aggregation degree increased by 8.14%, and
the similarity before and after TPAS increased by 6.34%.
After training, the TPAS feature representation is signifi-
cantly converged, which indicates that the model’s logical
reasoning ability is effectively improved.

Case Study

To illustrate how MTCLN works and to compare the per-
formance of other models, we provide one correct case and
three types of error cases. Given that GPT-4 performs best
in the test, we use it as a proxy for LLMs to explore their
decision-making rationale.

Correct example: GPT-4 grasps the central meaning of
passages by effectively interpreting metaphors and estab-
lishing relevant knowledge associations. For example, the
metaphorical meaning of the idiom “Z& NEF(I love it so
much that I can’t bear to let go) is closely related to its lit-
eral interpretation, which facilitates comprehension by both
GPT-4 and MTCLN.

Type I error: The model is unable to understand the seman-
tic changes induced by rhetoric. GTP-4 fails to recognize the
homophonic pun between ‘5’ (uncle) and ‘IH’(old). This
failure results in an inability to capture the semantic change
induced by rhetoric. In contrast, MTCLN effectively identi-
fies the rhetorical differences and successfully understands
the intended meaning by highlighting these distinctions.
Type II error: The model exhibits deficiencies in perform-
ing logical reasoning for TPAS. Although the options of
GPT-4 “fl BR A 1€ HE—HEHi H7 7 (step on the cotton pile—
propagate) are consistent with the contextual semantics,
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(a) Representation distribution of 100
TPASSs before model training.

(b) Representation distribution of 100
TPASSs after model training.

Figure 7: The distribution of TPAS representations changed
significantly before and after model training. The green
color in the figure indicates riddles, red indicates explana-
tions, and the black color indicates the two specially marked
TPAS. For example, “/% 7K % 3> (riddle, #28: Chicken
scalded with cold water), “Z& 2 Fill” (riddle, #39: Famous
toothbrush) and “— "4 (explanation, #4: Can’t lose a
hair, actually describes a person who is very stingy) con-
stitute two pairs of TPAS respectively and has the same
more profound meaning. After training, the representation
distance of these TPAS pairs is shortened, indicating that
the reasoning ability of the model is improved.

there is no logical reasoning process for the two options.
The MTCLN improves logical reasoning through semantic
associations, leading to more appropriate choices.

Type III error: The model fails to capture the explanation’s
metaphorical expression. The model needs to identify the
difference between the literal and metaphorical meanings of
the idiom “JifE: B #ii”(The river flows on its own, which ac-
tually means letting it develop without intervention). Idioms
are an important part of Chinese metaphors and frequently
appear in TPAS explanations. Since metaphor comprehen-
sion relies on deep knowledge of the Chinese context, mod-
els such as GPT-4 are still insufficient in understanding and
applying idioms.

Conclusion

We first construct a Chinese TPAS reading comprehension
dataset (CTRC). To address the challenges of rhetorical
recognition, logical reasoning, and Metaphor comprehen-
sion in TPAS, we propose a multi-view TPAS contrastive
learning network (MTCLN). First, the joint vector cross-
projection module extracts the rhetorical features of TPAS,
such as homophonic puns, through vector space mapping to
mitigate the semantic changes caused by rhetoric. Then, the
softened contrastive learning module enhances the under-
standing of TPAS logical reasoning through feature associ-
ation. Finally, the multi-view feature fusion module com-
bines contextual semantics with TPAS features to enhance
the understanding of metaphors. Experiments on the CTRC
dataset show that the MTCLN achieves an average accuracy
of 67.47%, outperforming LLMs by 25.48%.
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